Abstract
Introduction
18 F-fluoro-deoxy-glucose ( 18 F-FDG) positron emission tomography (PET) has become one of the most useful imaging modalities for non-small cell lung cancer (NSCLC) diagnosis and staging because of its high sensitivity and specificity (Acker and Burrell 2005 , Gould et al 2001 , Marom et al 1999 . However, breathing motion reduces the accuracy of NSCLC PET: the blur introduced by motion increases the apparent size of the moving organs or tumors and decreases their apparent uptake on PET images (Boucher et al 2004 , Livieratos et al 2006 , Nehmeh et al 2002a . It can also reduce small lesion detection in PET images (Pevsner et al 2005) . Furthermore, modern PET systems are now combined with computed tomography (CT) scanners making faster images that are also influenced by respiratory motion. The CT images are used to correct the PET images for photon attenuation and possibly scatter. There is therefore a crucial need for a good registration between CT and PET scans. Efforts are currently made to handle breathing motion in both scans in order to minimize the misregistration between them and to minimize quantification errors (Erdi et al 2004 , Goerres et al 2002a , Nagel et al 2006 , Pan et al 2005 .
Even though techniques have been proposed to reduce PET-CT artifacts due to breathing without using respiratory gating (El Naqa et al 2006 , Pan et al 2005 , it is becoming a must-use tool to address the respiratory motion problem in PET-CT scans. It has already been shown that respiratory gating of PET-CT scans helps reduce the blur and improve the recovery of the lesion size and uptake (Nehmeh et al 2002b , 2004a , 2004b , Visvikis et al 2004 , Wolthaus et al 2005 . However, to retain an appropriate signal-to-noise ratio (SNR) in the gated images, the total number of coincidences detected with the PET scanner needs to be increased by a factor equal to the number of gates (typically 8 or 10). As a consequence, the acquisition time has to be significantly increased (Nehmeh et al 2002b , Visvikis et al 2004 . A way to avoid this increase in PET acquisition duration is to combine the gated frames during or after reconstruction, usually using registration techniques (Dawood et al 2006 , Lamare et al 2007a , 2007b , Livieratos et al 2005 .
The purpose of this work is to adapt a four-dimensional (4D) image reconstruction algorithm (Reader et al 2006 , Grotus et al 2007 to respiratory-gated list-mode PET data without requiring any information regarding the deformation field due to breathing (which is usually needed with registration techniques). The aim is to determine whether 4D reconstruction can help improve the SNR in the gated images whilst preserving motion deblurring.
Materials and methods

NEMA IEC body phantom acquisition
The NEMA IEC/2001 body phantom was used, including six hot spheres (10, 13, 17, 22, 28 , 37 mm in diameter, sphere-to-background activity ratio of 4). The centers of the spheres were all in the same plane and located at 7 cm from the phantom lid. A cold cylinder (51 mm diameter and 180 mm long) was also inserted on the central axis of the phantom. The background of the phantom was filled with 74 MBq (2 mCi) 18F-FDG in water.
The phantom was placed on a moving platform (figure 1). The phantom moved linearly on a ramp placed on the couch of the scanner with a period of 5 s. The amplitudes of the movement were approximately 3.5 cm and 0.5 cm in the axial and vertical directions, respectively. PET data were collected on a Philips Gemini GXL PET-CT scanner. A 20 min list-mode acquisition was performed and the vertical movement of the phantom was recorded with the real-time position management (RPM) device (Varian Medical Systems). In addition, the RPM system sent trigger information to the PET-CT scanner. This trigger is set on the RPM interface and corresponds to a user-defined level of the respiratory signal. The trigger signal is then written in the list-mode file in order to synchronize the respiratory trace with the recorded PET coincidences.
Eight gates were defined by equally dividing the respiration cycle between each maximum of the curve (figure 1), making the eight resulting time bins of the same duration. PET events were then tagged with the corresponding gate number.
NCAT phantom simulation
The NCAT phantom (Segars et al 2001) was used to simulate the realistic human anatomy (figure 2) and the deformation of the organs around the lungs during breathing. The period of the respiratory cycle was set to 4 s. Eight gates were used for the generation of the activity and attenuation maps of the NCAT phantom, where gate 1 corresponded to the end-expiration phase and gate 5 to the end-inspiration phase. Four spherical lesions of diameter 2.5 cm were placed in the right lung. The tumor-to-normal tissue contrast was set to 4. The activity concentration in the lungs was 1 kBq ml −1 . The displacements of the four lesions are shown in table 1.
A Monte-Carlo simulation of the PET acquisition of the NCAT phantom was performed with GATE (Jan et al 2004) . The Philips Gemini GXL geometry was modeled based on the work by Lamare et al (2006) . Sixty one million true coincidences were simulated, corresponding approximately to a 6 min scan for a real PET acquisition of the lungs.
Reconstruction
All the reconstructions implemented in this study are based on the maximum-likelihood expectation maximization (MLEM) algorithm (Shepp and Vardi 1982) , and more precisely on the ordered-subset version of this reconstruction (OSEM) (Hudson and Larkin 1994) . The basic equation of MLEM is the following:
where p is a vector containing the prompt events,f k is the estimate of the image volume at the kth iteration, R is the matrix that transforms the image f into the measurement space, S is the matrix containing the inverse of the normalization factors accounting for non-homogeneous responses of the crystals, A is the matrix containing the attenuation coefficients, s and r respectively describe the distribution of the scatter and the random events in the measurement space. The 1 in the denominator of equation (1) is a vector that contains a value of one in each element.
In list-mode reconstruction, the subsets used in OSEM are defined by equally splitting the list-mode file into the desired number of subsets (Reader et al 2002) .
The reconstructed voxel size was 4 × 4 × 4 mm 3 . For the NEMA phantom, the scatter distribution was estimated using the single scatter simulation (Accorsi et al 2004 , Ollinger 1996 , Werling et al 2002 . A low-noise estimate of the random coincidences was obtained from a delayed window for the 20 min acquisition. It was then scaled down to obtain an estimate appropriate for the 2 min acquisitions used for the data analysis (see section 2.4.1). The attenuation map was obtained by segmenting the CT images in two compartments: regions with Hounsfield units (HU) between -1000 and −220 were set to μ = 0 cm −1 while regions with HU over −220 were set to μ = 0.096 cm −1 . For each line of response j, the attenuation coefficient of matrix A was calculated as follows:
where x is the integration variable along the line of response. For the NCAT phantom, only true coincidences were reconstructed (s and r were thus empty vectors). The attenuation correction was performed using the attenuation map used for the GATE simulation. As the detection chain was ideal in the simulation, the matrix S was approximated by the identity matrix, assuming ideal crystals but neglecting efficiency variations as a function of the angle of incidence of each LOR.
For both phantom datasets and for the reconstructions using respiratory gating, all the corrections mentioned above were performed using the data corresponding to the reconstructed gate. The matrix A and vectors s and r in equation (1) are thus different for every gate, while S and R are invariant for all gates. For the non-gated reconstruction, the attenuation correction was performed using the average attenuation map over all the gates.
For computation efficiency reasons, equation (1) was simplified by defining a vector d equal to S T A T 1 (also equal to AS1), leading to the following implemented equation:
Four reconstruction protocols were derived from the OSEM algorithm and compared as follows:
(1) 4D-reconstruction (4DR): the 4D joint-estimation algorithm (Reader et al 2006) we considered assumes that the time course f (i, t) of each voxel i (an 8-value vector when using eight respiratory gates) can be written as a linear combination of a small number N of temporal basis functions. The corresponding equation is
Only the N basis functions b n (t) and the weights of each voxel w n (i) for these basis functions need to be estimated, significantly reducing the number of unknowns. In addition, as the basis functions span the whole temporal range, the method intrinsically includes some temporal regularization. Basis functions and weight images are updated iteratively as in an OSEM technique usinĝ
where p is a vector containing the prompt events for all gates, s and r are vectors that respectively contain the scatter and random estimates for all gates. The d vector also contains the correction factors for all gates. C b and C w are the matrices used to connect the basis functions b n and the weight images w n :
The N basis functions b n (t) are initialized as sinusoids with all sinusoids having the same frequency but different phases. The weight images w n (i) are initialized as uniform images. Basis functions and weight images contain non-negative numbers only and remain positive or zero at all iterations of the algorithm (see equations (5) and (6)). The weight images and the basis functions are both updated for every subset by running equations (5) and (6) successively. For a particular subset, equation (5) is first run to update the weight images w, then equation (7) is used to get the matrix C w and finally equation (6) yields an updated C w matrix to get the new estimate for the b vector of basis functions. Then the same procedure is repeated using the next subset. The convergence speed of the 4D algorithm depends on the number of basis functions and how they are initialized (Reader et al 2006) . A number N = 2 to 8 basis functions were used for the 4D reconstructions of the NEMA acquisition and for the NCAT simulation. The numbers of iterations and subsets used for the 4D reconstruction and for the two datasets are summarized in table 2.
The influence of the number N of basis functions was studied using a noise-free dataset extracted from the activity map used for the NCAT simulation. A cubic (6 × 6 × 6 = 216 voxels) volume of interest located at the edge of a tumor was considered to investigate the motion recovery in that phantom, as a function of N. The time-activity curves of these 216 voxels were calculated, as well as the mean activity in each voxel over time and associated standard deviation. The 216 voxels were sorted in standard deviation ascending order when plotting the results, to distinguish between voxels with small or large variations in activity content along time, corresponding to voxels weakly or largely affected by breathing motion, respectively. For each voxel, the mean relative error in activity estimate over the 8 gates was calculated for the time-activity curve after 100 iterations of the 4D algorithm using
where T = 8 is the number of gates, v true is the true time-activity curve of the voxels and v est is the time-activity curve estimated by the 4D algorithm. The true maximum amplitude of the time-activity curve for each of the 216 pixels was also calculated and compared to the maximum amplitude obtained using the time-activity curves estimated by the 4D algorithm.
(2) Independent-frame reconstruction (IFR): each gate was reconstructed using OSEM. The parameters of the reconstruction are given in table 2. (3) Independent-frame reconstruction followed by temporal filtering (TF-IFR): OSEM reconstruction was used as in the IFR method, and the resulting set of gated images was filtered along time using a Gaussian kernel with a standard deviation varying from 0.1 to 3.9 (in gate units). The parameters of the reconstruction are given in table 2. (4) Non-gated reconstruction (NGR): each acquisition was reconstructed without respiratory gating, using OSEM. The parameters of the reconstruction are given in table 2.
For each reconstruction protocol, no spatial post-filtering of the images was performed.
Data analysis
2.4.1. NEMA IEC body phantom. To obtain the multiple acquisition datasets needed to properly assess noise in the reconstructed images, the list-mode file was split into ten 2 min acquisitions.
For each gate, the mean image and the standard-deviation image over the ten 2 min replicates were calculated for the four reconstruction protocols. The signal-to-noise ratio (SNR) was measured in a region of interest (ROI) manually drawn in the background of the phantom, far from the phantom rim and from the spheres, to avoid spill-in from other compartments. The SNR was defined as the ratio of the mean value in this ROI measured on the mean image to the mean value in this ROI measured on the standard-deviation image. The SNR was calculated for each gate. Contrast was measured as the ratio of the mean pixel value in the background of the phantom to the mean pixel value in the cold cylinder (BCR). The ROIs used for the background were the same as for the SNR measurement. For the cold cylinder, ROIs were also manually drawn on each gate, well inside the actual cylinder edges, to reduce spill-in from surrounding activity. The SNR and BCR were calculated for each iteration. A sphere-to-background activity ratio was calculated as the ratio of the mean pixel value in the spheres to the mean pixel value in the background measured in the ROI previously defined. The ROIs used for the spheres had the same volume as the spheres. The positions of these spherical ROIs were set by maximizing the mean pixel value on the images reconstructed using the independent reconstruction. To assess the deblurring effect of the 4D reconstruction, the position of the center of mass of the 37 mm diameter sphere was calculated for each gate for the same BCR on every set of reconstructed images. The mean relative error on the position of this center of mass over the 8 gates (relative to the position of the sphere on the CT images) was calculated in the axial direction using
where T = 8 is the number of gates, z CT is the axial position of the sphere on the CT images and z est is the axial position of the center of mass of the sphere on the reconstructed PET images. The axial direction was chosen because the motion of the sphere is maximal in this direction (see section 2.1). The SNR, BCR and center of mass positions were calculated for each reconstruction protocol and for each iteration number.
NCAT phantom.
The signal-to-noise ratio (SNR) was measured in an ROI placed in the soft tissue. The SNR was calculated as the ratio of the mean value to the standard deviation value in this ROI. A contrast index was calculated as the ratio of the mean value in the most mobile tumor (lesion 1 in table 1) to the mean value in the soft tissue (ideal value = 4). The mean value in the tumor was measured using the exact tumor contours used in the MonteCarlo simulation. The centers of mass of the lesions were also calculated to evaluate the recovery of the tumor positions. The mean relative errors on the positions of these centers of mass over the 8 gates (relative to the position of the tumors on the activity map used for the GATE simulation) were calculated in the three directions using
where T = 8 is the number of gates, X act map is the coordinate of the tumors on the activity map used for the GATE simulation and X est is the coordinate of the center of mass of the tumors on the reconstructed PET images. The SNR, contrast and center of mass positions were calculated for each reconstruction protocol and for each iteration number. 
Results
Validation of the 4D reconstruction model
3.1.1. Noise-free dataset. The mean errors v in activity estimates over the 8 gates measured in the 216 voxels of the NCAT phantom activity map (see section 2.2 and equation (8)) are shown in figure 3(A) for 2, 4, 6 and 8 basis functions. Figure 3(B) shows the maximum amplitudes of the time courses of the 216 pixels estimated by the 4D algorithm. Figure 4 represents the average number of counts in lesion 1 of the NCAT phantom for gate 7 as a function of the iteration number, for the 4DR using 2, 4, 6 or 8 basis functions. The average value for lesion 1 is decreased by 49%, 27%, 4% and 1% compared to independent reconstruction when using 2, 4, 6 and 8 basis functions respectively at iteration 80. Overall figures 3 and 4 suggest that N = 6 or 8 yields a proper recovery of the activity values in the different time frames but that lower N values might introduce significant biases in activity estimates.
Noisy data.
Reconstructed images
Figures 5 and 6 show the images obtained with the four reconstruction protocols. Based on the previous results (figures 3 and 4), N = 6 basis functions were used for the 4D reconstruction. Figures 5 and 6 clearly show the higher level of noise in the gated images reconstructed with independent-frame OSEM (B) than in the non-gated images (A). This is because there are eight times fewer counts in the gated acquisition than in the non-gated one. The level of noise is decreased when using 4D reconstruction (D) or with temporal smoothing of the images reconstructed with the independent-frame OSEM algorithm (C). Figure 5 also shows that the 28 mm diameter sphere (see arrows) almost disappear in the presence of noise with independent-frame OSEM while it clearly appears on images reconstructed with the 4D Figure 7 . Variation of the signal-to-noise ratio (SNR) against the background-to-cold-cylinder activity ratio (BCR) for gate 2 in the NEMA phantom. Each point of the curves represents a different iteration number in the reconstruction algorithms. 
Signal-to-Noise Ratio (SNR)
Tumor-to-soft-tissue activity ratio Figure 8 . Tumor-to-soft-tissue activity ratio against signal-to-noise ratio averaged over the 8 gates in the NCAT phantom. Each point of the curves represents a different iteration number in the reconstruction algorithms.
reconstruction. Filtered independent reconstruction does not show great improvements in the recovery of this sphere.
SNR performance
Figures 7 and 8 show the performance of the four reconstruction protocols in terms of signalto-noise ratio for the NEMA phantom study and the NCAT phantom study, respectively. For the NEMA phantom, for all iterations considered, the SNR is greater when using the 4D reconstruction than when using the independent-frame reconstruction with or without temporal filtering. For the NCAT phantom, the SNR is greater with 4D reconstruction than with any other reconstruction after ten iterations. The results corresponding to three different standard deviation values for the temporal post-filter are shown for the TF-IFR. With a standard deviation of 0.5, the trade-off between signal-to-noise ratio and contrast is only slightly improved compared to independent reconstruction. This trade-off is further improved when using a standard deviation of 0.9 for the Gaussian kernel. The last standard deviation value of 1.5 illustrates the limited increase of the SNR and the biased contrast when increasing the temporal smoothing. Table 3 shows the percent difference in the sphere-to-background activity ratio with respect to the sphere-to-background activity ratio obtained on the IFR images, for the four largest spheres of the NEMA phantom and for every reconstruction. These errors were calculated for a BCR of 12. The smallest two spheres were omitted because they could not be seen on any reconstructed images. For all spheres, non-gated reconstruction shows the largest error (−28.8% in average). 4DR with six basis functions shows a mean error of −8.3% while filtered reconstructions yield mean errors of −3.2%, −8.9% and −14% with standard deviations of 0.5, 0.9 and 1.5, respectively. As mentioned in section 3.1.2, figure 4 represents the average number of counts in lesion 1 of the NCAT phantom for gate 7 as a function of the iteration number. The average counts plotted for the non-gated reconstruction is divided by 8 to match the scale of the gated reconstructions. Independent reconstruction achieves the highest average value. When filtering with Gaussian kernels, the average value at convergence is decreased by 16%, 38% and 45% compared to independent reconstruction at iteration 80 when using standard deviations of 0.5, 0.9 and 1.5, respectively. These values for the standard deviations describe the typical behaviors of the Gaussian filtering. Choosing a standard deviation value of 0.5 yields an activity value in tumor 1 close to that obtained with the IFR. With a standard deviation of 1.5, the activity value in tumor 1 is highly biased and very close to the result of the non-gated reconstruction. Intermediate results are obtained with a standard deviation of 0.9. The average value for lesion 1 obtained with 4DR is decreased by 49%, 27%, 4% and 1% compared to independent reconstruction when using 2, 4, 6 and 8 basis functions respectively at iteration 80. Due to the motion blur in the reconstructed images, the average value obtained with the NGR is decreased by 44% compared to the IFR at iteration 80. Figure 9 shows the axial position of the center of mass z of the largest sphere in the NEMA phantom as a function of the gate number. As expected, the NGR yields the largest average error (10.6%) on the sphere position along the 8 gates, whereas the independent reconstruction shows the smallest error (3.1%). TF-IFR yield mean errors of 5.5%, 5.5% and 6.5% for standard deviation of the smoothing Gaussian kernel of 0.5, 0.9 and 1.5, respectively. Mean errors with 4DR are 5.2%, 5.4%, 4.5% and 3.3% for 2, 4, 6 and 8 basis functions respectively (curves shown for six basis functions only). Figure 10 shows the axial position of the center of mass X of tumor 1 (see table 2 for tumor numbering) in the NCAT phantom as a function of the gate number. The best fit with the theoretical position is found with the IFR. 4DR and TF-IFR show similar performance in terms of tumor position recovery. Table 4 summarizes the errors made on the positions of the centers of mass for all tumors of the NCAT simulation and for all the reconstruction protocols.
Quantification
Motion recovery
Count-profiles through tumor 1 of the NCAT phantom on gate 4 are plotted in figure 11 for the different reconstruction methods. The narrowest profile is obtained for the independent reconstruction, and has a full width at half maximum (FWHM) of 4.8 pixels. The FWHM of the profile for TF-IFR increases with the standard deviation of the Gaussian filter (respectively 5.0, 5.6, 6.0 pixels for standard deviations of 0.5, 0.9 and 1.5). The FWHM obtained with the 4D reconstruction using six basis functions is 5.2 pixels. The largest profile was obtained with the non-gated reconstruction (FWHM of 7.2 pixels).
Discussion
The 4D joint-estimation reconstruction algorithm described in this paper was initially designed in the context of dynamic PET acquisitions, to help estimate the kinetics of the radiotracer uptake (Reader et al 2006) . The main advantage of this 4D algorithm is that it intrinsically includes some temporal regularization during the reconstruction process by using temporal basis functions. In the context of dynamic PET, it has been shown that the trade-off between bias and signal-to-noise ratio is better in the 4D-reconstructed images compared to other reconstruction methods.
In this study, we took advantage of the 4D reconstruction principle to increase the SNR in respiratory-gated images. The method uses all the acquired coincidences over all the respiratory cycles to reconstruct the gated data, making it possibly unnecessary to increase the acquisition time for compensating for the fractionation of the data introduced by the respiratory gating technique. We indeed found that by combining all the events recorded at different phases of the respiratory cycles, the SNR is improved in the reconstructed images compared to the images obtained with independent reconstructions of each gate. This is because the 4DR introduces some temporal regularization in the reconstruction process, through the basis functions common to all voxels. The SNR of gated images that are independently reconstructed can actually be increased by temporal filtering along the gates. The temporal filter used in this study was a Gaussian filter. Other types of filters could have been employed such as filters designed in the frequency domain (Kohlmyer et al 2007) . These filters are more difficult to optimize due to the choice of the cut-off frequency that must be adapted to the respiratory frequency of every patient. We found that when using Gaussian smoothing kernels, the choice of the standard deviation had a high impact on the resulting images. Choosing a low value for the standard deviation (e.g. 0.5) led to only slight improvements of the SNR, while high values for the standard deviation led to biased results in terms of contrast recovery. The results presented here show that using a Gaussian kernel with a standard deviation of 0.9 yielded similar results to 4D reconstruction in terms of tumor motion recovery (figures 9 and 10). However, the use of this Gaussian kernel severely biased the activity estimate in the moving lesions (figure 4).
The 4D reconstruction also involves a critical parameter, namely the number N of basis functions used for the reconstruction. No significant difference was observed between 2 to 8 basis functions in terms of signal-to-noise ratio (result not shown). Regarding motion recovery, increasing the number of basis functions yielded better motion recovery (section 3.5). 4D reconstruction introduced a small bias (4% with six basis functions for the NCAT phantom) in activity estimates compared to independent reconstruction (figure 4), but when the number of basis functions was greater than 4, this bias was smaller than that obtained with independent reconstruction followed by temporal filtering with a standard deviation of the Gaussian kernel of 0.5. Overall, 4D reconstruction can thus yield a better trade-off between SNR and bias in the estimates of activity in moving tumors than filtered-independent reconstruction (figures 4-8).
Compared to other techniques for respiratory motion compensation in PET images (Dawood et al 2006 , Lamare et al 2007a , 2007b ), the 4D reconstruction described in this paper does not need any estimate of the deformation map between gates, and does not involve any image registration. This can be viewed as an advantage. For example, when the deformation field is derived from the CT, the relevance of using this field for PET motion correction (Lamare et al 2007b) is questionable, given the intra-patient variability of breathing motion (Kinahan et al 2007) . Deriving the motion field from the PET data themselves might appear more appropriate (Livieratos et al 2005 , Thorndyke et al 2006 but a precise estimate of the motion field in this case is challenging given the modest spatial resolution and the high noise level of the gated PET images. The 4D reconstruction approach does not involve any assumption regarding the deformation field during breathing, and does not assume rigid or affine motion for instance. Therefore, the spatial consistency of the 'hidden' deformation field cannot be checked or constrained. However, given that 4D reconstruction yields all the images corresponding to each gate, this makes it possible to subsequently estimate the deformation field associated with patient breathing in the PET scan. A mechanism deriving the motion field from the reconstructed images and checking its consistency might be worth designing, which would ensure that the images corresponding to the different gates are consistent both in time (as the time course in each voxel is constrained by the 4D model) and space.
As all the reconstructions considered in this study are based on a list-mode collection of the PET events, the computational time required by the 4D reconstruction is the same as that of the independent reconstruction of all gated frames. It is also identical to the time required for the reconstruction of the ungated data. This is because the most time-consuming steps are the forward and backward projections. The number of projection/backprojection operations depends only on the number of events in the list-mode file and the number of iterations used. Obviously, the reconstruction of only one gate would take eight times less time than every other technique but as shown in this paper, this is at the expense of a large decrease in signal-to-noise ratio.
Even if the 4D reconstruction we considered is based on list-mode PET data, a similar approach could be implemented in sinogram format as long as sinograms corresponding to each gate are available. When using 8 gates for instance, the reconstruction would thus handle 8 sinograms instead of one list-mode file.
Monte-Carlo simulations of the NCAT phantom allowed us to perform a careful evaluation of the different reconstruction protocols for known activity maps and breathing pattern. Such detailed investigation would not have been possible using real data. We still used a real dataset of the NEMA IEC body phantom to prove the feasibility of the practical implementation of the 4D reconstruction, even if the motion implemented when using this phantom was very simple compared to what could be expected in a real patient.
Conclusion
We introduced an original reconstruction scheme for respiratory-gated PET-CT acquisitions, based on a 4D list-mode reconstruction algorithm. We showed that such 4D reconstruction applied on respiratory-gated images improves the signal-to-noise ratio in the PET images compared to the images obtained with independent-gate reconstruction. Temporal postfiltering of independently reconstructed images also improves the signal-to-noise ratio but reduces the activity recovery in small lesions to a greater extent than 4D reconstruction. Overall, 4D reconstruction appears to be a promising approach to make the most of respiratorygated PET acquisitions, without the need to lengthen the scan duration nor to estimate the organ motion between gates.
